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EXECUTIVE SUMMARY 
 

The purpose of the current research was to contribute to the improved robustness of predictive 
crime mapping techniques. Our goal was to investigate the effect of data quality on predictive 
hotspot mapping analysis in order to achieve the following three objectives:  
 

1. Determine empirical descriptions of the quality of a range of “typical” geocoding 
techniques employed in crime mapping, including their completeness, positional accuracy 
and repeatability;  
 

2. Characterize the effects of data quality on the robustness of selected predictive crime 
hotspot mapping techniques; and  
 

3. Determine the effects of analysis method, crime type, urban morphology and parameter 
settings for predictive crime hotspot mapping techniques given a range of typical data 
quality parameters within the context of the accuracy and precision of hotspot prediction.  
 

The current study analyzed over 400,000 crime incident records from six large law enforcement 
jurisdictions in the U.S. 
 
Geocoding Quality Analysis 
 
Collectively, results from the current study suggest that geocoding quality is affected by 
variations in crime type as well as reference data used during the geocoding process. In order to 
increase the completeness and positional accuracy of street geocoded crime events, we developed 
five general recommendations. Based on our findings, when geocoding crime data is a necessary 
part of their research and address point or parcel reference data are unavailable, analysts and 
researchers should… 
 

1. Assess the overall quality of input address information prior to geocoding 
 

2. Disaggregate crime incidents and geocode like crime events separately 
 

3. Tailor geocoding procedures to fit specific needs 
 

4. Geocode to local street centerline reference data, if it is available 
 

5. Characterize positional accuracy prior to additional analysis 
 
We also conclude that future research in this area should focus on ways to improve the overall 
quality of input address information for crime events, especially for those types of crimes whose 
geocoding quality is more adversely impacted during the geocoding process by the overall quality 
of the input address information (i.e., burglary). In addition, we feel future research should 
examine how the manipulation of user-defined parameter settings contained within the  
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address locator service influences geocoding quality. Finally, we suggest that future research 
should consider how variations in geocoding quality impact various crime analysis techniques 
such as trend analysis. 
 
Predictive Hotspot Analysis 
 
Based on our predictive hotspot analysis, we determined that no single technique is more 
accurate than any other. Instead, these procedures are highly influenced by many factors. 
Nevertheless, a series of recommendations based on our results are presented below and offer 
guidance for analysts and researchers engaging in hotspot analysis. When conducting hotspot 
analysis, we recommend that analysts and researchers… 
 

1. Consider analyzing data with multiple techniques 
2. Disaggregate crime incidents and analyze like crime events separately 
3. Take study area into consideration 
4. Be cognizant of user-defined parameter settings 
5. Use street centerline reference data or address point reference data 
6. Determine how predictive accuracy will be measured 

  
As with any research, the current study is not without certain limitation. For example, data used 
was limited to six geographic areas. Although attempts were made to include agencies that 
represent a mix of urban and rural locations, specific match rates and positional error results may 
be unique to these study areas. Additionally, effects of changes in user-defined parameters 
considered during the geocoding process (e.g., spelling sensitivity, minimum candidate score, 
and the exclusion of tied candidates) and the influence of variations in matching algorithms of 
different geocoding software were not investigated. And since every crime incident could not be 
linked to a corresponding address point/parcel location, estimates of positional error are likely 
biased downward since the general quality of the records not geocoded is likely lower.  
 
In terms of the direction of future predictive crime hotspot research, we determined that it should 
focus on how measures of predictive accuracy can be enhanced as well as explore ways to 
enhance traditional output of hotspot analysis. 
 
 
 
 
 
 
 
 
Timothy C. Hart, Ph.D. 
Director, Center for the Analysis of Crime Statistics 
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1.  ABSTRACT 
 
A growing interest and use of crime mapping and analysis among practitioners and academics 
alike, the potential impact that geocoding results can have on the spatio-temporal analysis of 
crime, and a sparse literature in this area gave rise to the current study, which was divided into 
two complementary components.  
 
The aim of the first component of our research was to investigate the relationship between 
reference data and geocoding quality for crime analysis, whereas the second component of our 
research was designed to determine the impact of data quality on predictive hotspot mapping 
techniques. Approximately 400,000 crime incident records from six large law enforcement 
jurisdictions in the U.S. were analyzed: Arlington Police Department (TX), Albuquerque Police 
Department (NM), Charlotte-Mecklenburg Police Department (NC), Las Vegas Metropolitan 
Police Department (NV), San Diego County Sheriff’s Office (CA), and Tampa Police 
Department (FL).  
 
Completeness and positional accuracy of geocoding results was assessed across several crime 
types as well as different levels of input address quality, using both commercial and non-
commercial street network reference data. Results suggest that 1) the type of reference data (e.g., 
streets, parcel centroids, or address points) used in the geocoding process affects geocoding 
quality; 2) match rates vary by crime type and are influenced greatly by the quality of input 
addresses; 3) the type of reference data in conjunction with crime type influences geocoding 
quality considerably; 4) the type of reference data used in the geocoding process affects 
geocoding quality, measured in terms of positional accuracy; and 5) positional accuracy of 
geocoded crime incidents is influenced greatly by crime type.  
 
Predictive accuracy of hotspot maps was based on three metrics, including hit rate, Predictive 
Accuracy Index (PAI), and Recapture Rate Index (RRI). Findings show that the effect of 
geocoding quality on predictive hotspot crime mapping varies by crime type, urban morphology, 
and technique, as well as parameter settings associated with them. More importantly, findings 
suggest that the effect of geocoding quality on predictive hotspot mapping is complex and often 
mitigated by many of the aforementioned factors. In sum, findings suggest that no one predictive 
hotspot mapping technique is superior to any other.  
 
The study’s contribution to the literature, limitations, and implications for future research are 
discussed. More importantly, specific recommendations related to both geocoding and hotspot 
analyses are offered. 
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2.  INTRODUCTION 
 
Predicting the location and time of future crime events is of great interest to law enforcement. 
One approach in crime prediction is the use of crime hotspots, which rely on the assumption that 
the locations of past events are good predictors of future events. Several approaches have been 
developed recently to assess the performance of hotspot analysis techniques for crime prediction, 
including the Prediction Accuracy Index (PAI) and the Recapture Rate Index (RRI). Most types 
of crime analysis, including predictive hotspot mapping, rely heavily on geocoded crime 
locations, but errors in geocoding can be substantial. 
 
The widespread availability of powerful geocoding tools in commercial GIS software and the 
interest in spatial analysis at the individual level has made address geocoding a widely employed 
technique in many different fields, including criminology. Many crime analysis techniques rely 
on the ability to geocode crime incidents based on address information. The quality of geocoding 
and its effect on spatial analysis have received some attention in the literature, in particular in the 
health field. Crime incident data, however, is somewhat unique in its characteristics and so are 
crime analysis techniques that employ geocoded crime incidents. 
 
The effect of geocoding quality on the robustness of spatial analysis of crime incidents has 
received limited attention. These effects need to be properly characterized to increase our 
confidence in the results of predictive hotspot mapping. This analysis needs to be conducted 
within the broader context of determining the robustness of hotspot mapping for crime 
prediction. 
 
The current study was designed to contribute to our overall understanding of predictive crime 
mapping techniques by investigating the effects of geocoding quality of predictive hotspot 
mapping. Specifically, the current study determined empirical descriptions of the quality of a 
range of “typical” geocoding techniques employed in crime mapping, including their 
completeness, positional accuracy and repeatability1. Furthermore, the study characterized the 
effects of data quality on the robustness of selected predictive crime hotspot mapping techniques; 
and examines the influence of various parameters settings for different predictive crime hotspot 
mapping procedures, given a range of typical data quality parameters within the context of the 
accuracy and precision of hotspot prediction. 
 
The remainder of this report is organized in the following manner: First, an overview of the 
relevant literature is offered, focusing on the geocoding process, common ways to geocode data, 
how the quality of geocoded information is traditionally determined, and the effects of geocoding 
on spatial analysis. The next two sections contain our research questions, descriptions of the data 
and methods, analytic strategies, and results of our analyses for both components of this study 
(i.e., the geocoding analysis and the predictive hotspot analysis), respectively. Each of these 
sections conclude with a discussion of the implications of our findings, limitations of the study, 
                                       
1 As will be described below in greater detail, effects of user- defined parameter sett ings used during the 

geocoding process were not examined as part of the current study. Rather, sett ings were held constant 
across all procedures. 
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suggestions for future research, and specific recommendations to analysts and academics alike. 
We begin the report with a review of the relevant literature. 
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3. LITERATURE REVIEW 
 
3.1. Introduction on Crime Mapping and Analysis 
 
Law enforcement agencies throughout the country have employed Geographic Information 
Systems (GIS) for combating crime. Results from a recent Bureau of Justice Statistics (BJS) 
survey show that more than 87% of the nation’s largest law enforcement agencies have personnel 
designated specifically to crime analysis duties, and that more than a third of large agencies 
provide direct access to crime maps produced by crime analysts via the web (personal 
communication with Brian Reaves, BJS Statistician, on January 21, 2011). Other uses of GIS 
among law enforcement analysts include monitoring and tracking sex offenders, geographic 
profiling, and identifying crime hot spots (Reaves & Hart, 2000). In sort, law enforcement 
agencies across the United States have identified GIS as a valuable tool for addressing the myriad 
facets of fighting crime (Mamalian & LaVigne, 1999; Weisburd & Lum, 2005). 
 
In conjunction with the increased use of crime mapping and analysis among law enforcement 
agencies, a growing number of applied and scientific publications examining the use and role of 
GIS with the field of criminology have been published. For example, some of the leading 
journals in the field of criminology such as the Journal of Quantitative Criminology, 
Criminology, Criminology, and the British Journal of Criminology have release a number of 
articles on crime mapping and analysis over the past several years (e.g., Andresen, 2006; Anselin, 
Cohen, Cook, Gorr, & Tita, 2000; Bernasco & Nieuwbeerta, 2005; Bowers & Johnson, 2003; 
Bowers et al., 2004; Grubesic, 2006; Murray et al., 2001; Poulsen & Kennedy, 2004; Ratcliffe & 
McCullagh, 2001; Ratcliffe, 2005; Wang, 2005a; Zandbergen & Hart, 2006, 2009). Similarly, the 
publication of prominent reports and recently published books also suggest strongly that crime 
mapping and analysis have come of age (e.g., Boba, 2013; Chainey & Ratcliffe, 2005; Chainey & 
Thompson, 2008a; Eck, Chainey, Cameron, Leitner, & Wilson, 2005; Hirschfield, 2007; 
LaVigne, 2007; Lersch & Hart, 2011; Paulsen & Robinson, 2008; Wang, 2005b).  
 
Combined, this growing body of literature suggests that crime mapping and analysis has strong 
theoretical grounding (including social ecology theories and place-base theories), well-developed 
analytic methodologies (descriptive analysis, hot-spot detection, explanatory regression analysis, 
spatial modeling, etc.), and widespread implementation (geographic profiling, resource 
allocation, crime prevention, etc.). 
 
Unfortunately, the speed at which GIS is being embraced and utilized by both academics and 
practitioners is outpacing the scientific literature on some of the important methodological issues 
associated with this powerful analytic approach. For example, to date little is known about the 
quality of crime incident data produced from techniques that create a feature on a map from the 
address location of a crime incident—a process known as geocoding—and the consequences of 
data quality on predictive hotspot mapping. In response, the current study was designed to fill 
this gap in the literature by 1) examining the influence of reference data quality on the 
completeness and positional accuracy of street geocoded crime data; and 2) demonstrating the 
effects of geocoding quality on an array of predictive hotspot mapping techniques. Information 
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produced from the current study provides researchers and practitioners alike with general 
guidelines to follow in order to 1) maximize the quality of the data they commonly use in their 
spatio-temporal analyses of crime; and to 2) effectively and efficiently use this information to 
predict future crime events.  
 
3.2. Types of Crime Analysis 
 
Crime analysis and mapping can take many forms. Boba (2012) suggest that each can be 
classified into one of three types of analytic techniques: Administrative Crime Analysis (ACA), 
Tactical Crime Analysis (TCA), and Strategic Crime Analysis (SCA). Each of these approaches 
is summarized in the following section. 
 
3.2.1.  Administrative crime analysis. Administrative Crime Analysis (ACA) typically involves 
long range projects, often internal to the agency. Common practices associated with ACA include 
providing economic, geographic and law enforcement information to police management, city 
hall, city council, and neighborhood, citizen groups, or the media. While results produced from 
ACA are often the same results that are produced from the other analytic approaches, Boba 
suggests that information chosen for presentation in ACA “represents only the ‘tip of the iceberg’ 
of the complete analysis. The purpose of the presentation and the audience largely determine 
what analysis is presented…” (2012, p. 62). For example, law enforcement agencies routinely 
post information produced from ACA on their websites in the form of community bulletins, 
interactive web-based maps, or agency reports. 
 
3.2.2.  Tactical crime analysis. Tactical Crime Analysis (TCA) emphasizes collecting data, 
identifying patterns, and developing possible leads so that criminal cases can be cleared quickly. 
TCA usually involves analysis of individual, incident-level data associated with specific events 
(i.e., robberies, motor vehicle thefts, residential burglaries, etc.). Analysts engaged in TCA often 
produce reports containing time series or point-pattern information depicted in charts, graphs, 
maps, or a combination of each. In short, TCA is a crime analysis technique that aims to describe 
and convey information about crime patterns quickly and easily so that the effects of crime 
fighting and reduction strategies can be maximized. 
 
3.2.3.  Strategic crime analysis. Unlike the other two approaches, Strategic Crime Analysis 
(SCA) is focused on operational strategies in an attempt to develop solutions to chronic crime-
related problems. Spatial analytic techniques associated with SCA usually involve analysis of 
geographic units (i.e., jurisdiction, census tract, patrol district, beat, etc.). SCA focuses on 
clusters analysis in order to produce information that can be used for resource allocation, beat 
configuration, the identification non-random patterns in criminal activity, and unusual 
community conditions. In short, SCA provides law enforcement agencies with the ability to 
provide more effective and efficient service to the community. One of the most popular analytic 
techniques used in SCA is “hot spot” analysis, which is described in the following section in 
greater detail.     
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3.3. Crime Hotspot Analysis 
 
Areas of concentrated crime are often referred to as crime hotspots (e.g. McLafferty et al., 2000, 
Eck et al., 2005). Crime analysts look for concentrations of individual events that might indicate 
a series of related crimes; they also look at small areas that have a great deal of crime even 
though there may not be a common offender. The common understanding is that a hotspot is an 
area that has a greater than average number of criminal events, or an area where people have a 
higher than average risk of victimization (Chainey & Ratcliffe, 2005). 
 
There are different levels of hotspots analysis (Eck et al., 2005), depending on the size of the 
geographic area of concern, from very specific locations or addresses, to blocks, street and 
neighborhoods. Each level corresponds to a particular question being addressed. Underlying the 
analysis of crime hotspots at these levels are several crime theories, which range from theories on 
the social ecology of crime to theories on routine activities and repeat victimization (Eck et al., 
2005; Anselin et al., 2000). 
 
A wide range of different methods and techniques has emerged to characterize crime hotspots 
and a solid review is provided by Eck et al. (2005). The techniques fall into three different 
categories: 1) global statistical tests, such as mean center, standard deviation distance and ellipse, 
and global tests for clustering, including the Nearest Neighbor Index, Moran’s I and Geary’s C 
statistic; 2) hotspots mapping techniques, such as point mapping, spatial ellipses using 
hierarchical or K-means clustering, thematic mapping using enumeration areas, quadrat mapping, 
and kernel density estimation; and 3) local indicators of spatial association statistics, such as the 
Gi and Gi* statistics. 
 
While many of these techniques serve a somewhat different purpose, they are all concerned with 
characterizing hotspots in an effort to develop a better understanding of where crimes occur, 
which can ultimately lead to the design of intervention strategies and the development of 
prospective crime mapping. No single technique has emerged as the “best” one for crime hotspot 
mapping, and there has been surprisingly little comparative research on their strengths and 
weaknesses, with some notable exceptions (Chainey, 2005; Chainey et al., 2008). 
 
Most crime hotspot analysis techniques are based on a dataset of individual locations, with each 
point representing one or multiple crime incidents. The dataset of crime incidents is assumed to 
be a very good representation of the actual crimes incident (i.e., the sample is complete or very 
close to complete and the locations are accurate). These locations are usually derived through the 
geocoding of the address information in the crime incident reports. While the comparison of 
different hotspot analysis techniques has received some attention in the literature (e.g., Grubesic, 
2006), very little attention has been paid to the quality of the geocoding process and its effect on 
hotspot analysis. 
 
One of the unique characteristics of crime incidents is that they occur in many different types of 
locations, including private residences, office buildings, public places, along the road network, 
etc. This presents unique challenges both for the geocoding of crime incidents and their analysis. 
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For example, any traffic-related incidents are logically located along the street network, and this 
presents some unique challenges (e.g., Levine & Kim, 1999). Geocoding descriptive information, 
such as “150 meters south of the intersection of Main Street and 4th Ave” is cumbersome using 
automated methods and is therefore often accomplished by geocoding the nearest intersection 
instead. Spatial analysis techniques used to identify patterns in traffic related incidents will need 
to distinguish the clustering of events from the clustering of the street network itself. Hotspot 
detection techniques for networks have received some attention (e.g., Anderson, 2006; Tompson, 
Partridge, & Shepherd, 2009), but have been widely used or tested. 
 
A second characteristic of crime incidents is that they often have a tendency to occur at the exact 
same location (repeat burglaries, incidents at intersections, etc.). This presents both opportunities 
for spatial crime analysis (e.g., Ratcliffe & McCullagh (1998) used GIS to identify repeat 
victimizing) as well as computation challenges to cluster detection (Brimicombe, 2005).  
 
3.4. Predictive Crime Mapping 
 
While most applications of crime mapping are retrospective, there is a growing interest in using 
crime mapping techniques for predicting future crime events in space and time, with the ultimate 
goal of informing a proactive approach to crime prevention. While the field of predictive crime 
mapping is relatively new, the interest is clearly growing and there have been a number of recent 
publications (e.g., Bowers et al., 2004; Chainey et al., 2008; Christens & Speer, 2005; Groff & 
LaVigne, 2002; Johnson & Bowers, 2004; Johnson et al., 2009). The reliability of these 
techniques, however, also depends heavily on the accuracy of the retrospective hotspot maps 
created from past events. 
 
Several general approaches exist in predictive crime mapping, including the use of temporally 
aggregated hotspots, individual-level analysis of repeat victimization, and various univariate and 
multivariate analysis of area level data – see Groff and LaVigne (2000) for a review. While there 
is no agreement on which general approach is most reliable for crime prediction, the research 
appears to suggest that the “best” method is likely to depend on the type of crime. For example, 
Johnson et al. (2009) successfully developed a predictive individual-level model based on 
optimal foraging behavior of repeat offenders, but the approach was specifically designed for 
burglaries and may not apply to other types of offenses. Similarly, Johnson and colleagues (2008) 
determined substantial variation in the stability of crime hotspots and this is expected to vary by 
type of crime. 
 
Among the various approaches to predictive crime mapping, hotspot analysis has received the 
most attention—in part because many hotspot techniques are in widespread use, in part because 
of their versatility across spatial-temporal scales and across types of crime. Chainey et al. (2008a) 
provided one of the first comparative analyses of a range of hotspots techniques for predictive 
crime mapping and introduced the concept of a Predictive Accuracy Index (PAI). This provides a 
measure of how reliable a retrospective hotspot is able to predict future crime events relative to 
the size of the hotspots. In a response by Levine (2008) this was extended with the use of the 
Recapture Rate Index (RRI). These two indices provide a solid foundation for a more 
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comprehensive comparison of predictive hotspots methods across study areas—research being 
undertaken by NIJ (Wilson, 2009). What is still missing, however, is a consideration of data 
quality—hotspots are created from geocoded crime events, and both incomplete geocoding and 
positional error may have substantial effects of the robustness of hotspot methods. 
 
3.5. Background on Geocoding 
 
Addresses are one of the fundamental means by which people conceptualize location in the 
modern world. In a Geographic Information System (GIS) addresses are converted to features on 
a map through the geocoding process. Geocoding is the process of assigning an XY coordinate 
pair to the description of a place by comparing the descriptive location-specific elements to those 
in reference data. Figure 1 illustrates this process. 
 
 

 
 
Figure 1. Illustration of the geocoding process, whereby a latitude and longitude (i.e., XY coordinate) is assigned to 
an input address (left), based on the known location of reference address information (right). 
 
The geocoding process is defined as the steps involved in translating an address entry, searching 
for the address in the reference data, and delivering the best candidate or candidates as a point 
feature on the map.2 Specifically, the geocoding process involves: 
 

1. Parsing the input address into individual address elements based on an address locator 
service.3 Figure 2 provides an example of the different elements of an address that are 
used by a locator during the geocoding process, in order to establish a match 
candidate. 
 

2. Standardizing address elements into abbreviations (i.e., “Street” into “St” or “Drive” 
                                       
2 Although different software applications have unique routines for executing a geocoding process, they all 

follow the same general steps listed in items 1- 9. 
3 An address locator service is a file containing style-specific guidelines and location-specific reference data, and is 

used within a GIS to interpret address input information in order to assign an XY coordinate pair. The current 
study used several locators, constructed from both reference data obtained from local jurisdictions as well as the 
data provide by the commercial vendors. 
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into “Dr”). 
 

3. Assigning address elements to match keys or particular categories that are used to 
compare to the categories contained in the reference data. For example, in the address 
1600 Pennsylvania Ave., “1600” would be assigned to the “house number” category 
and “Ave” would be assigned to the “street type” category. 
 

4. Calculating index values for some elements of the address, which are used to compare 
against a geocoding index. Indexing helps to increase processing speed. 
 

5. Searching the reference data for features that contain similar elements to those in the 
input address. 
 

6. Scoring potential matches identified in the reference data. 
 

7. Listing candidates based on a user-defined minimum match score.  
 

8. Producing the user-defined output for the address identified as the best candidate (i.e., 
the candidate with the highest match score). 
 

9. Producing a feature class for the address that permits other geoprocessing tasks.  
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2. Elements of an address used in the geocoding process. 
 
Techniques involved in geocoding borrow from various academic fields, most notably, 
information theory, decision theory, probability theory, and phonetics. While geocoding 
applications are diverse and span many types of applications, there are several common problems 
associated with geocoding that have traditionally caused poor match rates, requiring excessive 
manual mapping by the user and potential inaccuracies and/or incompleteness in the resulting 
spatial datasets (e.g., Rushton et al., 2006; Goldberg et al., 2007) 
 
One of the main challenges to accurate geocoding is the availability of good reference data. This 
requires a sturdy address model to organize the reference data components in a logical, 
maintainable and site-specific way. Several common address models exist. Each has a particular 
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set of supporting materials and characteristic errors.4  
The first one can be characterized as the “geographic unit” model. These geographic units can 
consist of postal codes (such as ZIP codes in the US), counties, cities, census enumeration areas 
or any other geographic boundary considered meaningful. In the geocoding process, the location 
assigned to a particular address is the polygon (or the polygon centroid) representing the 
geographic unit.  
 
The utility of the results is obviously related to the size of the geographic units. For example, in 
the United States 5-digit ZIP codes tend to be quite large, typically larger than census tracts, 
making them less attractive when spatially detailed information is required. When geocoding at 
the level of geographic units is not sufficient, several alternatives exist, including street networks, 
parcels, and address points. Each of these three address models will be described in more detail 
below. 
 
The most widely employed address data model is based on a street network represented as street 
line segments that hold street names and the range of house numbers and block numbers on each 
side of the street. Address geocoding is accomplished by first matching the street name, then the 
segment that contains the house numbers and finally placing a point along the segment based on 
a linear interpolation within the range of house numbers. This approach to geocoding an address 
is referred to as “street geocoding” and has become the most widely used form of geocoding. 
Nearly all commercial firms providing geocoding services and most GIS software with 
geocoding capabilities rely primarily on street geocoding. Figure 3 provides a conceptual diagram 
of this process.    
 
Parcels are traditionally the most spatially accurate data with address information available. 
Geocoding against parcels allows one to match against individual plots of land (or rather, the  
centroids of those polygons) rather than interpolating against a street centerline. This is 
particularly useful in areas where parcels are not regularly addressed (such as on roads with 
mixed parity) or those parcels that may be quite a distance from the centerline. Parcel geocoding 
typically results in a lower match rate in part because a single parcel can be associated with many 
addresses (Zandbergen, 2008a). Despite these lower match rates, parcel geocoding is considered 
more spatially accurate and is now becoming widespread given the development of parcel level 
databases by many cities and counties in the US (Rushton et al., 2006). 
 
To overcome the limitations of parcels for geocoding, address points have emerged as a third 
address data model. Address points are commonly created from parcel centroids for all occupied 
parcels (or points can be placed elsewhere within the parcel, such as the location of the main 
structure or in front of the main structure). This is supplemented with address points for sub-
addresses such as individual apartment units, condominium units, duplexes, etc. Field data 
collection or verification of building locations using digital aerial imagery can be used to further 

                                       
4 It should be noted that regardless of address model, a geocoded address represents a positional estimation of a 
“true” or actual location. As with any estimate, some degree of error will be associated with any geocoded address 
location. The goal, therefore, is to maximize the precision and accuracy of geocoding so as to improve spatio-
temporal analysis of these data. 
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supplement the address point file. Address point data sets are of great value to local government, 
in particular emergency services. Figure 4 shows an example of an address point data file in a 
GIS environment, super-imposed on aerial imagery and parcel boundaries. 
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Figure 3. Conceptual diagram of the algorithm behind street geocoding. The location of an address is placed on a 
street segment based on linear interpolation along the street segment within the street number range for the segment. 
Optional considerations are the use of a side offset to place the location at one side of the street and an end offset to 
“squeeze” the locations away from the end of the street segment (avoiding the placement of locations at 
intersections). 
 
 
Although countries like Australia, Canada and the United Kingdom have already developed 
national address point databases, in the United States, address point geocoding is not in very 
widespread use at present. However, many local governments have started to create address point 
databases and several commercial geocoding firms provide address point geocoding for  
 
 
 

 
 
Figure 4. Example of address points and parcel boundaries for single-family residential area in Henderson, Nevada. 
Address points are typically placed either at the center of the residential structure or directly in front of it. The 
example only shows single-family residential housing; for other housing types multiple address points can be placed 
within a single parcel. 
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selected urban areas. Commercial firms already claim that around 51 million address points are 
available for the US, covering a selected number of metropolitan areas. An evaluation of address 
points has demonstrated that match rates are very similar to those obtained by street geocoding 
while the positional accuracy is far superior (Zandbergen, 2008a). 
 
Within crime mapping, geocoding to geographic units (postal codes, census enumeration units) 
(e.g., Bernasco & Nieuwbeerta, 2005; Britt et al., 2005, Cahill & Mulligan; LaGrange, 1999; 
Poulsen & Kennedy, 2004) and street geocoding (e.g., Andresen, 2006; Bichler & Balchak, 2007; 
Doran & Lees, 2005; Grubesic, 2006; Harada & Shimada, 2006) are most common. Very few 
crime-mapping efforts have employed parcel and address point geocoding, with some notable 
exceptions in recent literature (Brimicombe et al., 2007; Grubesic et al., 2007; Zandbergen & 
Hart, 2006; Zandbergen, 2008a). 
 
 
 

 
 
 
Figure 5. Illustration of an input address geocoded to three different reference layers. The red dot represents an 
address location geocoded against a street centerline file. The green dot represents the same address geocoded to a 
parcel centroid file, and the yellow dot represents the same address geocoded against address point reference data. 
 
 
3.6. Geocoding Quality 
 
Certain quality expectations must be met in order for the results of a geocoding process to be 
considered meaningful. That is, the overall quality of any geocoding result can be characterized 
in three distinct ways: completeness, positional accuracy, and repeatability. Completeness refers 
to the percentage of records that can reliably be geocoded, and is also commonly referred to as 
the match rate. Positional accuracy refers to how close each geocoded point is to the actual 
location of the address it is intended to represent (Figure 5). And finally, repeatability indicates 
how sensitive geocoding results are to variations in the input address, reference data, matching 
algorithms of the geocoding software, and the skills and interpretation of the analyst. In sum, 
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geocoding results that are of high quality are complete, spatially accurate, and repeatable. 
 
The match rate or the proportion of addresses reliably geocoded relative to all addresses available 
for geocoding represents the simplest measure of geocoding quality. Many factors can influence 
match rates and studies that have employed geocoding report match rates that vary considerably. 
Although some criminal justice research attempts to establish a minimally acceptable geocoding 
match rates (Ratcliffe, 2004), there is no consensus on a universal standard for this figure.  
 
The lack of an established match rate threshold is due in part to the fact that interpreting match 
rates is very subjective, since much depends on the criteria used to characterize a “match”. For 
example, a higher match rate can easily be accomplished by simply lowering the minimum match 
score required to produce a match. However, lowing the minimum match score may 
inadvertently introduce false positives into geocoding results. Simply put, for any given set of 
input addresses used in the geocoding process, there is a trade-off: increasing the match rate by 
lowering the minimum match score results in a decrease in accuracy and therefore the overall 
quality of geocoded locations. 
 
One additional dimension to geocoding completeness is the potential bias introduced by an 
incomplete result. It is well established, for example, that match rates are lower in rural areas 
(e.g., Cayo & Talbot, 2004; Zandbergen, 2011) in part due to the use of postal routes instead of 
street addresses in rural areas. These differences in match rates across urban/rural gradients can 
lead to substantial bias in spatial analysis (e.g. Oliver, Matthew, Siadaty, Hauck, & Pickle, 2005). 
Other factors affecting match rates have not received as much attention, but at least one study 
(Gilboa, Mendola, Olshan, Harness, Loomis, Langlois, Savitz, & Herring, 2006) found evidence 
of selection bias in terms of ethnicity that was produced from incomplete geocoded records. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 6. Positional accuracy illustrated. The blue dots represent a known address point, the green dot represents a 
street geocoded location of a crime incident, and the red line represents the positional error measured in Euclidean 
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distance between the two locations. 
Several studies have determined quantitative estimates of the positional accuracy of geocoding. 
In a review of 12 different investigations, Zandbergen (2009) found that estimates of ‘typical’ 
positional errors for residential addresses ranged from 25-168 meters (Bonner, Han, Nie, 
Rogerson, Vena, & Freudenheim, 2003; Cayo & Talbot 2003; Dearwent, Jacobs, & Halbert, 
2001; Karimi & Durcik 2004; Ratcliffe, 2001; Schootman, Sterling, Struthers, yan, Laboube, 
Emo, & Higgs, 2007; Strickland, Siffel, Gardner, Berzen, & Correa, 2007; Ward, Nucklos, 
Giglierano, Bonner, Wolter, Airola, Mix, Colt, & Hartge, 2005; Whitsel, Rose, Wood, Henley, 
Liao, & Heiss, 2006; Zandbergen, 2007; Zhan, Brender, De Lima, Suarez, & Langlois, 2006; 
Zimmerman, Fang, Mazumdar, & Rushton, 2007) based on median values of the error 
distribution. In addition, research suggests that results in urban areas are generally more accurate 
than in rural areas (Bonner et al. 2003; Cayo & Talbot 2003; Ward et al. 2005) and that the 
occurrence of major positional errors is relatively common. For example, in one of the more 
thorough studies by Cayo and Talbot (2003), 10% of a sample of urban addresses geocoded with 
errors larger than approximately 96 meters and 5% geocoded with errors larger than 152 meters. 
For rural addresses, these distances were 1.5 and 2.9 kilometers, respectively. 
 
Relative to match rates and positional accuracy, geocoding quality described in terms of 
repeatability has not received as much attention from the scientific community. Nevertheless, in a 
recent study by Whitsel et al. (2006), substantial differences in results were identified when a 
large sample (n=3,615) of addresses from 49 U.S. States were geocoded across four different 
commercial vendors. Specifically, significant differences in address match rates (30%-90%), 
concordance between established and vendor-assigned census tracts (85%-98%), and distance 
between established and vendor assigned coordinates (mean of 228-1,809 meters) were 
identified. Conversely, in a comparison of three geocoding algorithms (LocMatch, ArcView 3.2, 
and Tele Atlas North America) using the same TIGER reference data, Kairimi and Durcik (2004) 
found that the differences between the results were not significant. This suggests that differences 
in reference data are at least in part responsible for the observed differences between commercial 
vendors. Utilizing three different street reference datasets, Zandbergen (2011) examined one 
aspect of repeatability and found that match rates and positional accuracy were highest for local 
street centerlines than for other types of non-commercial reference data. Finally, only one known 
study using crime data has examined geocoding quality in terms of repeatability. Specifically, 
Bichler and Balchak (2007) documented several specific limitations to the repeatability of 
geocoding, including the accuracy of reference database, choice of GIS software, and user-
selected settings in the geocoding process. 
  
3.7. Effects of Geocoding Quality on Spatial Analysis 
 
Collectively, geocoding quality research clearly demonstrates that errors in geocoding can be 
very substantial and needs to be characterized in a meaningful manner relevant to the use of the 
geocoding results. Zandbergen (2009) provides a more thorough review of the effects of 
geocoding quality on spatial analysis, but a brief summary follows. 
 
Errors in geocoded addresses may adversely affect spatio-temporal analyses, but this has not 
received widespread attention in the literature. Inflation of standard errors of parameters 
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estimates as well as a reduction in the power to detect such spatial features as clusters and trends 
are among the specific effects that geocoding errors may produce (Jacquez & Waller, 2000; 
Waller, 1996; Zimmeman, 2007). Burra, Jerrett, Burnett, and Anderson (2002) demonstrated that 
even relatively small positional errors can have an impact on local statistics for detecting clusters. 
However, research on this topic has been mostly confined to the health field. For example, 
typical street geocoding is not sufficiently accurate for the analysis of exposure to traffic-related 
air pollution of children at short distances of 250-500 meters (Zandbergen, 2007; Zandbergen & 
Green, 2007). Similar errors in misclassification of exposure potential have been identified by 
Whitsel et al. (2006). 
 
A growing number of studies in the crime literature have tried to determine the effect of 
geocoding quality on the results of crime analysis. Ratcliffe (2004) examined the effect of 
geocoding match rate on the resulting pattern in crimes rates aggregated to census boundaries and 
determined 85% as the minimum acceptable match rate. However, this analysis assumed there is 
no bias in the pattern of the ungeocoded locations. Brimicombe et al. (2007) demonstrated for a 
large metropolitan area in the United Kingdom that different geocoding match rates for the same 
crime incident database revealed distinct kernel density hotspots, although no statistical 
comparisons were made. Harada and Shimada (2006) compared kernel density surfaces derived 
from geocoded crime locations of different positional accuracy. Hotspots appeared relatively 
robust, although this can partially be attributed to the large bandwidth used (500 meters). 
Zandbergen and Hart (2009b) demonstrated that traditional street geocoding is insufficiently 
accurate to determine residency restrictions for sex offenders, due to the large number of false 
positives and negatives introduced. And finally, Zandbergen, Hart, Lenzer, and Camponovo 
(2012) recently showed how the misplacement of street geocoded crime incidents adversely 
impacts kernel density hotspot mapping techniques.  
 
To summarize, the growing interest and use of crime mapping and analysis among practitioners 
and academics alike, the potential impact that geocoding results can have on the spatio-temporal 
analysis of crime, and a sparse literature in this area has given rise to the current study, which 
was divided into two complementary components. Recall, the aim of the first component of our 
research was to investigate the relationship between reference data and geocoding quality for 
crime analysis, whereas the second component of our research was designed to determine the 
impact of data quality on predictive hotspot mapping techniques. This next of the report presents 
findings from the geocoding quality analysis, followed by a section containing the results of our 
predictive hotspot analysis.  
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4. GEOCODING QUALITY ANALYSIS 
 
4.1. Research Questions 
 
We began our investigation with an analysis of reference data on geocoding quality. In particular, 
the completeness and positional accuracy of geocoding results was assessed across several crime 
types as well as different levels of input address quality, using both commercial and non-
commercial street network reference data.5 Analysis was preformed while controlling for specific 
user-defined parameters utilized by software during the geocoding process6 in order to answer the 
following four research questions:  
 

1. Does the completeness of geocoded crime data (i.e., the match rate) vary by crime 
type and/or input address quality? 
 

2. Is the completeness of geocoded crime data influenced by the type of street reference 
data utilized in the geocoding process (i.e., commercial versus non-commercial)?  
 

3. Does the positional accuracy of street geocoding vary by crime type and/or input 
address quality?  
 

4. Is the positional accuracy of street geocoding influenced by the type of street 
reference data?7  

 
Results from our geocoding quality analysis provide researchers and practitioners with valuable 
guidance and insight into one of the most basic—albeit fundamental—procedure related to the 
spatio-temporal analysis of crime, and provide direction for future research in this area. The data 
and methods employed in our research are described in the next section. 
 
4.2. Data and Methodology 
 
In order to answer the research questions presented in Section 4.1, we analyzed existing data 
from six large law enforcement jurisdictions in the U.S.: Arlington Police Department (TX), 
Albuquerque Police Department (NM), Charlotte-Mecklenburg Police Department (NC), Las 
Vegas Metropolitan Police Department (NV), San Diego County Sheriff’s Office (CA), and 
Tampa Police Department (FL).  
 

                                       
5 Variations in the input address, matching algorithms of the geocoding software, and the skills and interpretation of 

the analyst represent other aspects of geocoding that can affect the quality of geocoded results; however, the 
current study was limited to examining the affects that different types of reference data had on geocoding results. 

6 The number of parameters that can be manipulated combined with the breadth of settings to which these parameters 
can be set to is exponentially large. Although the affects of user-defined parameter settings are not examined in the 
current study, we feel that this particular aspect of geocoding quality as it relates to geocoding crime data warrants 
further investigation. 

7 Results for each of four research questions are provided for each jurisdiction in Appendix A.  
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These jurisdictions were chosen for several reasons, including the availability of existing data, 
the extent to which GIS is currently being used within these agencies, the size of the agencies, 
and the depth and breath of information associated with incident-level data. Since these agencies 
were not selected randomly, findings from the current study are representative of all jurisdictions. 
Nevertheless, three unique types of existing datasets were used in our analyses, including crime 
incident information for events that were recorded by each jurisdiction between 2007 and 2008, 
street network reference data covering each jurisdictional boundary, and address point and/or 
parcel reference data associated with properties located within each jurisdiction.  
 
Data from all six jurisdictions were combined8 to represent approximately 400,000 crime 
incidents known to law enforcement, obtained directly from the agencies listed previously (see 
Table 1). Data files contained information on the location of each crime event (i.e., the input 
address), the date and time that the incident occurred, the type of incident (i.e., crime type), a 
case/incident number, and in some cases the UCR/NIBRS classification code, incident status, as 
well as the patrol division, beat, or sub-beat in which the event occurred. In order to ensure 
consistency across jurisdictions’ data sets, crime types were conceptualized using Part I crime 
definitions from the FBI’s UCR Program.9  
 
Data were provided in Excel format and restricted to only those incidents known to law 
enforcement and recorded as an aggravated or simple assault (n=54,592), auto burglary 
(n=102,213), auto theft (n=65,112), burglary (n=95,675), drug offenses (n=55,587), homicide 
(n=620), or robbery (n=24,294). In accordance with FBI reporting standards, only the most 
severe crime was included in the analysis for events involving more than one crime type. These 
data have been archived at the ICPSR (http://www.icpsr.umich.edu). 
 
A total of five different street network layers were utilized as reference data for geocoding in the 
current analysis, including two commercial data files and three non-commercial files. The two 
data files used to support the commercial street geocoding processes included ESRI’s  
StreetMap™ Premium based on Tele Atlas (2010 Release 1) data and ESRI’s StreetMap™ 
Premium based on NAVTEQ (2010 Release 1) data. Non-commercial street network data used in 
the current study included ESRI’s StreetMap™ USA files10, Census 2009 TIGER/Line® files, 
and street centerline data provided by local government agencies.  
 
 
                                       
8 Match rate results for each agency are presented in Appendix A and results of the positional accuracy analysis for 

each agency are presented in Appendix B.  
9 Simple assault, auto burglary, and drug offenses are included in the current analysis, but are not Part I crimes. 

These incidents may vary somewhat by jurisdiction based on each agency’s recording practices and information 
contained in their respective Records Management System (RMS). Simple assault includes a physical attack by an 
unarmed offender and that does not result in injury; auto burglary includes thefts of property of any value from a 
secured vehicle; and drug offenses include drug possession, trafficking, and narcotics-related incidents known to 
law enforcement. 

10 Although these reference data are not free to everyone, they are included with the purchase of ArcGIS software at 
no additional cost and represent older versions of commercial reference data such as Tele Atlas enhanced with 
TIGER/Line® data. For the purposes of the current study, these data are considered “non-commercial” street 
network data. 
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To address the research questions related to geocoding completeness, only the crime event data 
and street centerline layers were used in the analyses.11 Consideration was given to variations in 
the quality of street centerline files by street geocoding each crime incident against each of the 
five street data layers noted previously. Geocoding procedures were held constant across all 
jurisdictions and included creating an address locator service for each type of reference data. A 
U.S. Address—Dual Ranges locator style was constructed for the street centerline reference data 
and a U.S. Address—Single House locator style was used for the parcel/address point reference 
files. All address fields contained in each locator style were constructed using the same input 
fields and other user-defined parameters considered during the geocoding process (i.e., spelling 
sensitivity (80), minimum candidate score (80), street offset (20 feet), end offset (3%), 
intersection connectors, etc.) were held constant across all procedures. Figure 6 provides a screen 
capture of the user-defined settings that were held constant during the geocoding process. 
 
A crime incident location was considered “matched” if a matched or tied street geocoded 
location was interpolated from the street centerline layer with a match score of at least 80%. 
Overall “match rates” were calculated by dividing all matched and tied street geocoded crime 
locations by all crime records contained in the data file. The result of this process was a match 
rate for each crime type (i.e., homicide, robbery, drug offenses, etc.), determined for each street 
centerline reference layer (i.e., Tele Atlas, NAVTEQ, TIGER/Line®, StreetMap™ USA, etc.), 
broken down by two categories of input addresses: “Without intersections” and “Intersections 

                                       
11 All geocoded data used in the current study were geocoded using the same software (ArcGIS 10.0). Using the 

same software assured that results were not due to variations in the geocoding algorithms. 
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only”.12 The “Without intersections” input 
addresses exclude intersections and 
addresses where  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 7. Example of a Geocoding Options interface where a user can manipulate settings such as spelling 
sensitivity, minimum candidate scores, minimum match scores, offsets, etc. These settings can dramatically affect 
geocoding results and were therefore held constant across all geocoding procedures in the current study. 
 
the house number is represented as a 100-block number (i.e., 1600 Block of Pennsylvania Ave.), 
whereas the “Intersections only” input addresses include only these types of locations.  
 
Address point reference data were obtained from local authorities responsible for overseeing GIS 
needs for each jurisdiction included in the study (e.g., the Mecklenburg County Geospatial 
Information Services). Address points represent the locations of all addressable structure in a 
jurisdiction and are commonly placed directly on top of the specific building or directly in front 
of it. Large structures with multiple units (e.g., shopping malls and apartment complexes) often 
have multiple address points to represent individual units. When address point information was 
not available for reference, a parcel reference data layer was employed. Like address point 
information, parcel layers were obtained from local government agencies. For the analysis of 
positional error, crime incidents geocoded against either the address point or parcel reference 
data represented the best estimate of where the crime event took place.13  
 
                                       
12 Most incidents are associated with crimes that occurred in or around an addressable structure (92%). Therefore, it 

is likely that a reliable address was reported for those events. Some crimes, however, occur on the street, in open 
spaces, or between structures. In these cases, address information may be less reliable. We expect that the balance 
between these two types of events will be different for different crime types, which would explain some variation in 
match rates between types of reference data. For these reasons, we have produced match rates across the two types 
of input addresses.  

13 As noted in Section 2.1 above, geocoding crime events using address point reference data was the preferred 
approach. However, when address point data was unavailable, parcel reference data was used. When parcel 
reference data is used, the resulting geocoded locations are placed at the centroid of the parcel polygon. 

This document is a research report submitted to the U.S. Department of Justice. This report has not 
been published by the Department. Opinions or points of view expressed are those of the author(s) 

and do not necessarily reflect the official position or policies of the U.S. Department of Justice. 



 

 
21 

In order to determine the positional accuracy of each street geocoded crime incident, results of 
the street geocoded locations were compared to the corresponding address point/parcel geocoded 
location. Positional error for a specific event was determined as the Euclidean distance (in 
meters) between two points: 1) the street geocoded location and 2) the reference location based 
on the address point or parcel. This was carried out separately for each of the five different street 
geocoding techniques. The positional accuracy assessment employed only those crime events that 
were successfully geocoded across all street geocoding techniques as well as to the address point 
or parcel. Since comparisons between street and address point/parcel geocoded locations cannot 
be made for locations classified as intersections, incidents described as intersections only were 
excluded from the positional accuracy analysis14. 
 
Traditionally, different statistical estimates are used to characterize positional accuracy, including 
the range, mean, median, standard deviation, Root Mean Square Error (RMSE), and percentiles 
(75th, 90th, 95th, etc.). Although there is no agreement in the published research on the most 
meaningful statistic, several studies that report the actual distribution of error estimates (Cayo & 
Talbot, 2003; Karimi & Durcik, 2004; Zandbergen, 2008b) suggest that this distribution is log-
normally distributed. This indicates that traditional statistics such as range, mean, standard 
deviation, and RMSE are not very meaningful. Therefore, in the current study, the positional 
accuracy of the street geocoded crime incidents are described in terms of median values (in 
meters) and the 95th percentile of positional error (in meters). The next section describes our 
results. 
 
4.3.  Results  
 
As noted above, one way to determine the geocoding quality of crime event locations is by 
examining the completeness of the geocoded data. Completeness is the percentage of records that 
are reliably geocoded, also referred to as the match rate. Generally, geocoded data with higher 
match rates are considered by many to be more desirable than geocoded data with lower match 
rates. Therefore, the first stage of our geocoding quality analysis involved assessing the 
completeness of geocoded crime incidents in order to determine whether match rates vary by 
crime type and whether completeness of geocoded crime data is influenced by the quality of 
input address information and/or the type of street reference data utilized during the geocoding 
process. These findings provide answers to our first two research questions. 
 
4.3.1. Match rates. Table 2 presents match rates for street geocoding results for each type of 
crime and each type of reference data considered. These results are further broken into two 
groups: input addresses that exclude intersections (i.e., “Without intersections”) and input 
addresses comprised of 100-block house numbers or intersections (i.e., “Intersections only”). 
Results are for all crime events that were recorded for 2007 and 2008, within each of the six law 

                                       
14 Although a point layer can be constructed from intersections contained in each of the street centerline files and 

could be used to represent the “true” location of “Intersection only” events, these nodes would represent both the 
“true” location of an incident and the street geocoded location for incidents geocoded to them. As a result, the 
positional accuracy of the intersection data would be perfect (i.e., no positional error) and would bias downward 
our aggregate measure of positional accuracy.  
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enforcement agency jurisdictions included in our study.  
 
Findings show that street geocoding match rates vary by crime type and that this variation is 
influenced by the quality of address information being geocoded. When addresses expressed as 
an intersection or as a 100-block are excluded from the analysis, for example, match rates range 
from a low of 83% of auto burglaries, drug offenses, and homicides to a high of 86% of 
robberies. However, when only intersection data are considered, the match rate decreases 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
dramatically and the variability of match rates across crime types increases. For example, among 
these locations, 15% of burglaries are successfully geocoded compared to 39% of robberies. 
These results demonstrate a direct correlation between the level of detail (i.e., an input address 
with a specific house number as opposed to a house number described as a block number or the 
address described as an intersection) associated with the input address and the geocoding match 
rates: when geocoding procedures are held constant, geocoding quality measured in terms of 
match rates generally increases when the quality of the input address is also increased. And 
although the same crimes are not consistently associated with the highest or the lowest match 
rates across each jurisdiction included in the study, the inverse relationship between input 
address quality and match rates is consistently observed across all locations (see Tables A1 
through A6 in Appendix A). Regardless of jurisdiction, input addresses classified as 
 “Intersections only” are successfully geocoded at considerably lower rates than addresses 
classified as “Without intersections.” Interestingly, the magnitude of effect that input address 
quality has on geocoding results is not consistent across particular types of street reference data.  
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Greater disparities in geocoding quality—as measured by match rates—are observed between 
different types of street reference data, when it is considered in conjunction with different types 
of crimes and input addresses. For example, overall local centerline data and both commercial 
reference layers consistently have the highest match rates among all types of street reference data, 
regardless of the type of crime being geocoded. This pattern also holds true for every jurisdiction, 
with the exception of San Diego County (see Table A5 in Appendix A), where the commercial 
reference data underperformed more than any of the non-commercial data; and could suggest that 
findings from previous studies that have observed systematically lower match rates associated 
with more rural areas (e.g., Cayo & Talbot, 2004; Zandbergen, 2011) could be reference-data 
dependent.  
 
When data are combined, for local centerline files, 86% of all addresses are successfully 
matched, compared to 83% of addresses matched against either commercial street file. Within the 
local centerline results in particular, when input addresses containing only intersection 
information are excluded, relatively higher match rates are observed. For example, the percent of 
addresses matched ranges from a high of 94% for burglary to a low of 90% for homicide. For the 
two commercial files, match rates are still higher relative to other types of reference data used, 
but the types of crimes associated with the highest and lowest match rates are different than the 
patterns observed for the street centerline reference data. Specifically, the highest match rates for 
the Tele Atlas data are associated with homicide (91%) and robbery (91%) and the lowest match 
rates are for drug offenses (83%). NAVTEQ data produce the highest match rate for burglary 
incidents (91%) and the lowest for drug offenses (83%). These results suggest that the quality of 
geocoding is influenced considerably by both the type of reference data used in the geocoding 
process as well as the particular type of crime incident being geocoded. Again, with one 
exception, this general pattern is also observed across each jurisdiction. 
 
Finally, when input address information that contains only block numbers or intersections is 
considered independently of other addresses, geocoding quality in general decreases 
dramatically. Among these data, overall, none of the street centerline files used as reference data 
successfully geocodes more than 28% of the input addresses (TIGER/Line® 2009). However, 
greater variability in the match rate among the individual jurisdictions is observed. For example 
none of the “Intersections only” crime data successfully geocoded to the local street centerline 
file in Arlington, whereas 71% of these records matched against the local centerline and Tele 
Atlas reference data in Albuquerque (see Tables 2A and 1A, respectively).  
 
Collectively, variation in match scores within each type of reference data is much more 
pronounced across specific crime types for the “Intersections only” data than for input addresses 
that exclude intersections. For example, among input addresses containing only block numbers or 
intersections, local street centerline reference data successfully geocodes as many as 44% of all 
robbery locations, but as few as 8% of all burglary locations. These findings show that when 
relatively lower quality input address information is street geocoded, crime type has a greater 
influence over match rates than does the type of reference data being used in the geocoding 
process.  
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4.3.2. Positional accuracy. A second measure of geocoding quality is positional accuracy, or how 
close a geocoded location is to the reference location of that event. Therefore, the next stage of 
our analysis involved assessing the positional accuracy of the street geocoded crime incidents for 
each reference data type in order to determine whether it varies by crime type and whether it is 
influenced by the type of street reference data utilized during the geocoding process. This stage 
of our analysis provides answers to our final two research questions. 
 
Estimates of positional error are expressed in terms of two summary metrics of error distribution: 
median positional error (in meters) and the 95th percentile (in meters). Data used in the current 
analysis were produced from a subset of data (n=193,875) used in the match rate analysis and 
include each crime type: aggravated and simple assault (n=26,015), auto burglary (n=53,298), 
auto theft (n=34,296), burglary (n=51,725), drug offenses (n=17,265), homicide (n=284), and 
robbery (n=10,992). In order to produce an estimate of positional error for each type of reference 
data, a crime event was included in the current sample only if it was successfully street geocoded 
to each reference data layer as well as to a corresponding parcel or address point. Table 3 
presents findings from the positional error analysis.  
 
When all jurisdictions and all crime types are combined,15 results show that the median error 
distance for all successfully street geocoded crime incidents ranges from a low of about 60 
meters for the local centerline reference data to a high 81 meters for the StreetMap™ USA 
reference data, which is consistent with past research conducted with data from other disciplines 
(see Zandbergen, 2009 for a review). Between the two commercial reference products, the Tele 
Atlas data and the NAVTEQ data perform about the same: both have median positional error 
values for all crimes considered together around 65 meters. Overall, these levels of positional 
accuracy are consistent with distances observed for other types of address datasets, but 
demonstrate the variability across reference data types. And as with the match rate results, the 
general pattern observed for all the data combined is consistently observed for each jurisdiction: 
the StreetMap™ USA and the TIGER/Line® 2009 reference data consistently produce less 
accurate geocoding results than the other reference data considered (see Table B1 in Appendix 
 
 
 
 
 
 
 
 
 
 
 
 
 
                                       
15 Positional error estimates for each jurisdiction represented in the study are available in Appendix B. 
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B). Figure 6 presents the frequency distribution (in meters) for all crimes and jurisdictions 
combined for each type of reference data. 
 
When geocoding quality is described for all the data combined in terms of the 95th percentile of 
positional error, overall, the two commercial products perform the best and the worst. For 
example, 5% of all crimes geocoded against the NAVTEQ data have positional errors greater 
than 244 meters, whereas 5% of all crimes geocoded against the Tele Atlas data have positional 
errors that exceed 412 meters. Among the free reference data, these errors range from 263 meters 
for local street centerline file to 322 meters for StreetMap™ USA data and are consistent with 
what has been observed in past research (Bonner et al., 2003; Cayo & Talbot, 2003; Ward et al., 
2005; Zandbergen, 2011). With the exception of Albuquerque and San Diego County, the two 
commercial products also perform the best and the worst for each jurisdiction (see Tables A1 and 
A5, respectively).   
 
Greater variability in positional accuracy across reference data is observed when different crime 
types are considered in conjunction with variations in reference data. Among specific crime 
types, the most accurate type of street geocoded locations is burglary incidents geocoded against 
local street centerline reference data (54 meters). On the other hand, the least accurate type of 
street geocoded crime data is auto burglaries geocoded against StreetMap™ USA reference 
layers (88 meters). And while there are a large number of small errors associated with each type 
of reference data, consistently 5% of street geocoded data have very large errors of several 
hundred meters16. For example, 5% of all crimes geocoded against Tele Atlas data are associated 
with error distances of greater than 1.1km for homicides, 5% of crimes geocoded against 
StreetMap™ USA data have error distances of greater than 355 meters for auto thefts, and 5% of 
crimes geocoded against TIGER/Line® 2009 data have error distances of greater than 330 meters 
for auto burglaries. This presents a persistent problem of incorrect locations, especially since the 
error distances are not random in nature (i.e., the error distribution is not normal). This means 
that substantially large error, in excess of several kilometers, is not uncommon. The final sections 
                                       
16 Detailed measures of positional accuracy for each crime type, including the minimum, maximum, 

median, 68th, 90th, 95th, and 99th percentiles of the error distributions are reported in Table C1 of 
Appendix C. This information covers the span of positional accuracy measures represented in the 
literature.  
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discuss the implication of these findings, identify specific limitations of the current study, offer 
suggestions for future research in this area, and provide recommendations to analysts on how to 
maximize the overall quality of street geocoded crime data. 

 
4.4. Discussion and Conclusions 
 
The current study provides answers to important questions related to the geoprocessing of crime 
event data. First, results of our analysis suggest that the type of reference data used in the 
geocoding process affects geocoding quality, measured in terms of completeness or match rates. 
For example, when all types of crime are considered together, findings show that local street 
centerline data outperforms all other street network reference data, including commercial data 
such as those produced by NAVTEQ and Tele Atlas.  
 
Second, results of our analysis also suggest that match rates vary by crime type and are 
influenced greatly by the quality of input addresses. On average, for input addresses that exclude 
less detailed address information (i.e., 100-block house number addresses and addresses 
described as an intersection) match rates for robbery and assaults are higher than other crime 
types considered, whereas match rates for auto burglary, drug offenses, and homicide are 
somewhat lower. When only crime incident locations whose address information is less detailed 
(i.e., “intersections only”) are considered, overall match rates worsen dramatically; and, 
disparities in match rates by crime types become more pronounced. Among these results 
specifically, on average, findings show that robbery (43%) and auto theft (37%) is affected 
relatively less by the quality of input address than burglary (15%) and homicide (17%). And 
although the same crimes are not consistently associated with the highest or the lowest match 
rates across each jurisdiction included in the study, the inverse relationship between input 
address quality and match rates is consistently observed across all locations. 
 
Third, findings from the current study suggest that the type of reference data in conjunction with 
crime type influences geocoding quality considerably; but consistent patterns across specific 
types of reference data are not apparent. For example, for input addresses that exclude 
intersections, local centerline and NAVTEQ reference data produce the best geocoding results 
for burglaries, StreetMap™ USA data produces the highest match rates for drug offenses, 
TIGER/Line® 2009 data geocodes assaults better than other crime types considered, and Tele 
Atlas data produces the best results for homicide and robbery. With few exceptions, the two 
commercial products also perform the best and the worst for each jurisdiction.  
 
Fourth, results of our analysis suggest that the type of reference data used in the geocoding 
process affects geocoding quality, measured in terms of positional accuracy. For example, when 
all types of crime are considered together and positional accuracy is described in terms of median 
positional error, findings show that local street centerline data outperforms all other street 
network reference data, including commercial data such as those produced by NAVTEQ and 
Tele Atlas; and when positional accuracy is described in terms of the 95th percentile of the error 
distribution, local centerline data outperforms all other street network reference data, with the 
exception of NAVTEQ data.  
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Finally, findings from the current study also suggest that the positional accuracy of geocoded 
crime incidents is influenced greatly by crime type. For example, although local centerlines 
outperformed all other types of reference data considered when accuracy is measured in terms of 
median positional error, positional error ranges from a high of 70 meters for robbery to a low of 
54 meters for burglary. Similar disparities are observed for the overall worse performing 
reference data. That is, the median positional error for all crimes geocoded against StreetMap™ 
USA data was 81 meters, but range from a low of 72 meters for auto theft to a high of 88 meters 
for auto burglary. Ironically, when positional error is measured in terms of the 95th percentile of 
the positional error distribution, the commercial reference data produce the most and the least 
amount of variability in accuracy by crime type. Specifically, 5% of homicide locations geocoded 
against NAVTEQ data have a positional error greater than 216 meters, compared to 268 meters 
for drug offense locations—a range of 52 meters. Five percent of burglary locations geocoded 
against Tele Atlas data have a positional error greater than 326 meters, but over 1 kilometer for 
homicide locations—a range of nearly 750 meter. Collectively, the findings summarized above 
have important implications for both the spatio-temporal analysis of crime as well as on future 
research.  
 
Match rates associated with local centerlines consistently exceeded 90% and overall perform 
better than other reference data, including commercial data. Although previous research has 
demonstrated local centerline reference data can outperform other “free” street network data17 
(see, for example, Zandbergen, 2011), prior to these results no known evidence exists that 
suggests local centerline reference data also performs as good—if not better than—commercial 
reference data. These findings suggest that reference data required to produce geocoded crime 
incidents successfully and of high quality do not necessarily mean a large financial investment on 
the part of law enforcement agencies or researchers interested in the geospatial analysis of crime. 
Although these data are typically purchased and/or developed by a local agency (i.e., a city or 
county GIS department), these agencies often make the data available for free or at a minimal 
cost to the public, academics, and/or other local entities. However, high-quality local centerline 
data might not be available for all law enforcement jurisdictions, especially for those located in 
small, rural areas and that do not have a local GIS department that can make these data available. 
 
Disparities in match rates are most pronounced for crime event locations where less detailed 
input address information are available (i.e., Intersections only), and differences in match rates 
among these events vary dramatically by crime type. This is likely due to the nature of the 
information contained in police records that is used to geocode crime locations. More detailed 
information—including the specific and precise address of an incident—is typically contained in 
the address field used to geocode burglaries, for example, than other types of crime because these 
events often occur in and around an addressable structure. When this detailed information is 
missing, geocoding quality suffers. However, the overall affect of input address quality is less 
                                       
17 Older TIGER data has known quality issues, but the latest version of the improved TIGER data was used 

in the current study (i.e., TIGER/Line® 2009). Although these data did not perform much worse than 
other data sources, findings are consistent with previous research that suggests they generally lag 
somewhat behind street centerlines as far as quality of the results (Zandbergen, 2011).  
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pronounced for crime types where an addressable structure is not likely associated with the event 
(i.e., auto theft or robbery). Therefore, analysts and researchers conducting geospatial analysis of 
crime should take steps to increase the overall quality of input address information in general and 
for specific types of crime that should have reliable address information associated these events. 
 
In general, the difference between geocoding techniques and the differences between crime types 
are similar in magnitude when geocoding quality is measured in terms of positional accuracy. For 
example, the positional error for the most accurate geocoding method (local street centerlines) 
for the lowest accuracy crime type (drug offenses) is similar to the positional error for the lowest 
accuracy geocoding method (StreetMap™ USA or Tele Atlas for percentiles) for the highest 
accuracy crime type (assaults and burglaries, respectively). This suggests both factors are equally 
important in characterizing the positional error of street geocoded crime events. Despite the 
importance of the current study, it is not without some limitations.  
 
 
4.5. Limitations  
 
First, data used in this investigation is limited to six geographic areas. Although attempts were 
made to include agencies that represent a mix of urban and rural locations, specific match rates 
and positional error results may be unique to these study areas. Nevertheless, patterns in the 
results are relatively similar across study areas and therefore likely have broader applicability to 
other agencies.  
 
Second, our assessment of the quality of geocoding crime events focused primarily on 
completeness and positional accuracy. Although one dimension of repeatability of geocoding 
crime data was examined (i.e., using different types of reference data), effects of changes in user-
defined parameters considered during the geocoding process (i.e., spelling sensitivity, minimum 
candidate score, and the exclusion of tied candidates) and the influence of variations in matching 
algorithms of different geocoding software were not investigated. Instead, these variables were 
held constant across all techniques.  
 
Finally, an address point/parcel reference location for every crime event could not be produced 
for the positional accuracy analysis. It is likely that the crime events that did produce an address 
point/parcel match represent relatively higher quality input address information. If so, then 
estimates of positional error may be lower bound estimates since the general quality of the 
records not geocoded is likely lower.  
 
4.6. Future Research 
 
Although the limitations described above may restrict our inferences about the effects of 
reference data on geocoding quality of crime event data, these problems do not limit the 
importance of current findings, the study’s contribution to the literature, or the implications it has 
for future research. For example, about 9% of the data used in the current study contain input 
address information that is described only as an intersection or where the house number is 
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described in terms of a 100-block, which is a relatively high figure compared datasets used to 
study geocoding quality in other disciplines. Future research should focus on ways to improve the 
overall quality of input address information for crime events, especially for those types of crimes 
whose geocoding quality is more adversely impacted during the geocoding process by the overall 
quality of the input address information (i.e., burglary). Relatedly, the current study assumes the 
“true” location of a crime incident is best represented by the most positionally accurate reference 
data (i.e., address point/parcel centroid reference data). Future research should consider 
investigating this assumption in order to determine whether street centerline data produces better 
geocoding results for certain types of crimes (i.e., non-premise crime). 
  
In addition, user-defined parameters settings contained within the address locator services were 
held constant in the current study. As a result, the impact of variations in spelling sensitivity, 
minimum candidate score, street offset, and intersection connectors, for example, on the quality 
of geocoded crime data remains largely unknown. Future research should therefore examine how 
the manipulation of these settings influences results of geocoded crime data and subsequent 
analysis based on these procedures. 
 
Finally, errors in geocoded addresses and positional accuracy may adversely affect spatial 
analytic methods. Nevertheless, as noted above, very few studies in general and within the crime 
literature in particular have tried to determine the effect of geocoding quality on the results of 
crime analysis. Those that have (i.e., Brimicombe et al., 2007; Harada & Shimada, 2006; 
Ratcliffe, 2004), fail to acknowledge patterns of ungeocoded crime data and the bias that may be 
introduced in analyses as a result. Therefore, given the current findings, future research should 
consider how variations in geocoding quality impacts various crime analysis techniques such as 
cluster and trend analysis as well as hot spot detection and crime prediction. 
 
In short, although results of the current study suggest characteristics of geocoded crime data 
possess some similarities to data used in other disciplines, many unique differences are also 
demonstrated. Therefore, it is imperative that the methodological literature within the field of 
criminology keeps pace with the growing interest in and use of geospatial techniques associated 
with crime analysis.    
 
4.7. Recommendations 
 
Collectively, results from the current study suggest that geocoding quality is affected by 
variations in crime type as well as reference data used during the geocoding process. Our study 
concludes with a series of recommendations that practitioners and academics involved in the 
spatio-temporal analysis of crime events should implement in order to increase the completeness 
and positional accuracy of street geocoded crime events. 
 

1.  Assess the overall quality of input address information prior to geocoding 
  

If a considerable number of incident records to be geocoded are associated with 
intersections or 100-block addresses, consider geocoding these records separately. 
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Results of the current study suggest that regardless of what type of reference data used in 
the geocoding process, lower-quality input data will produce lower-quality geocoding 
results.  

 
2. Disaggregate crime incidents and geocode like crime events separately 

 
Results of the current study show that the overall quality of input address information is 
related to crime type. This is because some crime incidents (i.e., burglaries) are more 
likely to be associated with more detailed address information than other types of crime 
(i.e., drug offenses). Therefore, one approach to improving the quality of input address 
information is to disaggregate crime incident data and geocode like crime types together 
and separate from dissimilar events.  

 
3. Tailor geocoding procedures to fit specific needs 

 
Although match rate results were generally consistent across each jurisdiction (see 
Tables A1 through A6 in Appendix A), some important differences are observed. 
Varying results can be attributed to some factors (i.e., rural versus urban jurisdictions); 
but other factors are not addressed in the current study. For example, unique local road 
names, unusual name styles, and non-standardized road types can all produce poor 
geocoding results.  
 
Results can be greatly improved by customizing the geocoding process by modifying an 
address locator’s default classification and pattern files in such a way as to account for 
local idiosyncrasies. ESRI’s Geocoding Development Kit (GDK) provides the tools to 
make these customizations in ArcGIS and have been show to improve match rates 
substantially (Johnson, 2007). Therefore, when possible, geocoding procedures should 
be tailored to specific study areas/jurisdictions.  

 
4. Geocode to local street centerline reference data, if it is available 

 
Findings from the current study suggest that local centerline reference data performs as 
good—if not better than—commercial reference data. Results are less persuasive for 
more rural jurisdictions (i.e., San Diego County); but collectively suggest that if local 
street centerline reference data are available, then they should be used as a low-cost way 
to maximize geocoding quality. Of course, this assumes that more positionally accurate 
reference data (i.e., address point and/or parcel reference data) are not available to use in 
the geocoding process. Finally, if none of the aforementioned reference data are 
available, commercial street centerline data generally offer a fairly reliable alternative. 

 
5. Characterize positional accuracy prior to additional analysis 
 

Results show that positional accuracy of street geocoding is influenced by the type of 
street reference data and by crime type. It is unclear to what degree positionally 
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inaccurate crime data has on various crime analysis techniques (i.e., hot spot detection 
and crime prediction). Given that many of these approaches are based on 
individual/aggregate measures of relative distance, spatially accurate information is 
paramount. Unless geocoded crime events are determined to be positionally accurate 
prior to conducting more robust analysis, findings from these procedures will likely 
misrepresent the true nature and extent of the problem at hand. Therefore, our final 
recommendation is that the positional accuracy of geocoding results should be 
determined prior to further analysis of the crime data.   
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5. PREDICTIVE HOTSPOT MAPPING ANALYSIS 
 
5.1. Research Questions 
 
We continued our investigation by examining the effects of geocoding quality on the predictive 
accuracy of hotspot mapping18. Consideration was given hotspot technique, crime type, area, as 
well as parameter settings. The aim of this part of our analysis answers three important questions 
related to predictive hotspot mapping: 
 

1. What factors (i.e., hotspot method, crime type, and study area) influence the accuracy 
of predictive hotspot mapping; 
 

2. How sensitive are predictive hotspot mapping results to parameter settings and data 
quality; and 

 
3. Is there a predictive hotspot mapping technique that is most accurate? 

 
As with the results presented in Section 4.4, answers to these questions provide researchers and 
practitioners with valuable guidance and insight into one of the most popular crime analysis 
procedures. Answers to these questions also suggest direction for future research in this area. 
Data and methods used for this component of our research are described in the next section. 
 
5.2. Data and Methodology 
 
In order to answer the research questions presented in Section 5.1, we again analyzed existing 
crime incident data from 2007 and 2008 for the six agencies described in Section 4: Arlington 
Police Department (TX), Albuquerque Police Department (NM), Charlotte-Mecklenburg Police 
Department (NC), Las Vegas Metropolitan Police Department (NV), San Diego County Sheriff’s 
Office (CA), and Tampa Police Department (FL).  
 
We utilized eight different hotspot techniques, including three that are considered aggregate 
methods and three that are characterized as point-based methods: Grid-based thematic mapping, 
Local Moran’s I, Gi*, Kernel Density Estimation (KDE), Nearest Neighbor Hierarchical cluster 
(NNH), and Spatial and Temporal Analysis of Crime (STAC). Figure 7 provides a list of the 
specific methods and corresponding parameter settings evaluated in the current study.  
 
In order to answer the current research questions, all crime incident locations recorded in 2007 
and 2008 for each agency were geocoded against all reference data layers (i.e., an address point 
reference file–or parcel centroid reference data if address point reference data were not 
available—and the five street reference layers described in Section 4.2). Data processing was 
automated using Modelbuilder and Python scripting tools in ArcGIS. Only those crime events 
that successfully geocoded to all reference data types were included in the current analysis. This 
                                       
18 Although the current study is focused on better understanding the effects of geocoding quality on 

predictive hotspot mapping, posit ional accuracy plays a vital role in all types of spatio- temporal analysis. 
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approach controlled for variations in match rates. Measures of predictive accuracy were  

 
 
Figure 8. Aggregated and point pattern analysis methods and corresponding parameter settings that were used in the 
current study to examine the effects of geocoding quality on predictive hotspot mapping. 
 
computed, including 1) the hit rate, 2) the Predictive Accuracy Index (PAI), and 3) the Recapture 
Rate Index (RRI).  
 
5.2.1. Measures of predictive accuracy. The first measure of predictive accuracy used in the 
current analysis was the hit rate or the percentage of crime incidents in 2008 that fell within the 
hotspots produced from 2007 data. A higher hit rate corresponds to greater predictive accuracy 
(See Figure 8).  
 
In addition to the hit rate, the Predictive Accuracy Index (PAI) was used to measure the 
predictive accuracy (Chainey et al., 2008a) of hotspot maps. This provides one measure of how 
reliable a retrospective hotspot is able to predict future crime events, relative to the size of the 
hotspots. PAI is calculated as the ratio of the hit rate to the proportion of the study area that is a 
2007 hotspot. Again, a higher value reflects greater accuracy. 
 
Finally, the Recapture Rate Index (RRI) was used to determine the quality of hotspot prediction 
(Levine, 2008); and is based on the ratio of hotspot density for 2008 and 2007, standardized for 
changes in the total number of crimes in each year.  
 
It is important to note that one important difference between the PAI and RRI is that the PAI uses 
the size of the hotspots (i.e., the hotspot area) in its calculation, whereas the RRI does not; and as 
our findings will show, is highly affected by variations in the unit of analysis size parameter 
setting associated with the different prediction techniques examined.   
 
5.2.2. Hotspot techniques. Hotspot analysis techniques examined in the current study vary in 
their assumption and limitations, but what they have in common is that they rely on one or more 
user-defined parameters. For example, most clustering techniques require specifying the 
minimum number of events considered a cluster. Methods that rely on test of spatial 
autocorrelation require the construction of a spatial weights matrix. And KDE relies on 
specifying a bandwidth, among other parameters. The comparison of hotpot techniques is, 
therefore, sensitive to the selection of these parameters and some of the disagreement over which 
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techniques performs best (e.g., Chainey et al., 2008 versus Levine, 2008) may in fact partly be 
due to differences in parameter selection. 
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Figure 9. Examples of how the hit rate, Predictive Accuracy Index (PAI) and Recapture Rate Index (RRI) are 
calculated. 
 
 
Analysis of the robustness of predictive hotspot mapping techniques, therefore, needs to consider 
the variability in these parameters. For each of the techniques presented above, a range of 
parameters values was employed and the validation of hotspots was repeated (see Figure 7). 
Results presented in Section 5.4 provide a set of parameters to achieve the best performing 
hotspot. However, the analytic objective was not necessarily to determine the “optimum” 
parameters, but to determine how the accuracy of hotspot prediction depends on critical 
parameters (see Research Question #2). Figure 9 illustrates the effects of parameter settings on 
measures of predictive accuracy used in a point-pattern analysis, where the number of events 
used to define a “cluster” varies. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 10. An illustration of how variation in the parameter setting that defines a “cluster” affects predictive 
accuracy (i.e., hit rate (HR), the Predictive Accuracy Index (PAI), and the Recapture Rate Index (RRI)). 
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5.3. Results 
 
In order to answer the research questions presented in Section 5.1, the predictive accuracy of 
crime hotspot mapping was analyzed by technique, crime type, and study area. Variations in 
select parameter settings were also considered in the context of geocoding quality. Results of 
these analyses are presented below, respectively; and provide insight into which predictive 
mapping techniques are most accurate.  
 
5.3.1. Hotspot method. As noted above, a variety of methods can be used to produce predictive 
crime hotspot maps. Therefore, our predictive hotspot mapping analysis began by considering the 
predictive accuracy of these techniques, while holding relative parameter settings constant across 
methods. This analysis was also based on a single geocoding technique—street geocoded data—
since variations in the quality of geocoded data might also affect results. Results are presented in 
Table 4. Findings show that the influence of hotspot technique on predictive accuracy, measured 
in terms of hit rate, PAI, and RRI, varies substantially across techniques.  
 
First, the hit rate—a proportion of 2008 crime incident locations that falls within 2007 
hotspots—varies from a high of over 47% for Local Moran’s I (aggregating crime incidents to 
the block group) to a low of just over 7% for the grid-based thematic mapping technique. 
Second, considerable variation in the PAI and RRI was also observed across mapping techniques. 
PAI was relatively more volatile than the RRI. This was not surprising, however, since PAI 
considers the total area associated with the 2007 hotspots, relative to the overall size of the study 
area; but RRI does not. Collectively, these findings suggest that there are trade-offs among 
accuracy metrics, but regardless of metric used the predictive accuracy of crime hotspot maps are 
strongly influenced by the approach used to generate them.  
 
Since these results were based on data aggregated, both in terms of crime type and by urban 
morphology, which could explain some of the variation across predictive metrics, we considered 
the effects of each of these factors, independently; and results of these analyses are presented 
next.  
 
5.3.2. Crime type. Table 5 presents results of our analysis of predictive accuracy when crime type 
and hotspot method were considered independently. As with the previous analysis, both 
parameter settings and geocoding quality were held constant. Findings show that crime type has 
some effect on predictive accuracy of hotspot mapping techniques, but that the effect is not as 
substantial as technique alone. For example, among most techniques, predictive accuracy is 
considerably lower for homicide than for other crime types. This finding is likely due to the 
relatively fewer number of homicides than other types of crime. Another noteworthy finding is 
that the PAI is highest for the two hierarchical techniques (i.e., NNH and STAC). A similar 
pattern was not observed for the RRI, which suggests that not only does crime type play an 
important role in the predictive accuracy of crime hotspot mapping, but that the consideration of 
study area is more pronounced when data is disaggregated by crime type. Given these findings, 
urban morphology was a factor also considered to affect predictive accuracy.  
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5.3.3. Study area. In addition to mapping technique and crime type, we examined the effects of 
variation in study area on the predictive accuracy of hotspot mapping techniques. Results are 
presented in Table 6 and show that the influence of urban morphology on predictive accuracy has 
a modest effect for each hotspot method considered. For example, Arlington, Albuquerque, and 
Tampa are jurisdictions consistently associated with the lowest predictive accuracy scores, 
regardless of metric. And although there are some differences observed in the hit rates and the 
RRI between study areas, more modest differences in the PAI are apparent. Specifically, San  
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Diego County is associated with the highest predictive accuracy scores as measured by the PAI; 
however, this is likely to the use of the total size of a study area in the computation of the PAI 
because San Diego County is the largest and least densely populated study area examined.  
 
To summarize, thus far, our analysis shows that hotspot technique substantially affects predictive 
accuracy, crime type has a moderate effect on predictive accuracy, and study area has a modest 
effect on predictive accuracy. For each technique considered in our analysis, a number of 
parameters must be defined prior to the production of any hotspot map. Variations in these 
settings are also believed to affect the predictive accuracy of results; therefore, we continue our 
analysis by examining the effects of user-defined parameter settings on predictive accuracy in 
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order to answer the second research question listed in Section 5.1.  
 
5.3.4. Parameter settings. One of the most popular predictive hotspot mapping techniques used 
in crime analysis is Kernel Density Estimation (KDE). The popularity of KDE for the production 
of predictive crime hotspot maps is due in part to the belief that it is “the most suitable spatial 
analysis technique for visualizing crime data” (Chainey et al., 2008, p. 8). The growing 
availability of KDE in popular GIS applications, the perceived accuracy of its hotspot 
identification, and the aesthetically pleasing and easily understandable output are other factors 
that have lead to its popularity.  
 
The mechanics of any point pattern analysis used to detect crime hotspots (i.e., KDE, NNH, 
STAC) are similar in many ways. They each calculate the density of crime events in a given area 
based on incident locations in surrounding areas and produce a raster output based on a grid 
overlay. These calculations rely on mathematical formulas that are influenced by several factors, 
including the form of the curved surface that is fit over each point, the cell size of the grid 
overlay, and the length of the search radius used to identify neighboring crime events.  
 
Given the widespread adoption of KDE, the effects of parameter settings on predictive accuracy 
described below are based solely on this technique. Furthermore, while the geocoding method 
and study areas are also held constant (street centerline geocoding and Charlotte-Mecklenburg, 
respectively), the effects of two important parameter settings (i.e., search radius and threshold 
size) vary across crime type so that a more robust understanding of the effects of parameter 
settings on predictive accuracy can be discerned.  
 
For the results that follow, a total of ten different search radii were considered. The kernel 
bandwidths ranged from 50m to 500m, set at 50m intervals. Similarly, five different threshold 
settings were considered. Cell sizes were set at less than the average, two times the average, three 
times the average, four times the average, and five times the average. Figures 11-17 present 
results of our analysis of variations in these parameter settings when considered simultaneously 
for each of the eight crime types considered, respectively. 
 
Findings of our analysis suggest that using the average cell size and a relatively low bandwidth 
produce an acceptable hit rate, regardless of crime type. And while there is a corresponding 
increase in hit rate with an increase in kernel bandwidth, the increase is not proportionate to the 
increase in the search radius. For example, doubling the bandwidth from 50m to 100m or from 
100m to 200m does not result in a corresponding two-fold increase in hit rate.  
 
Although our findings show that relatively lower thresholds correspond to relatively higher hit 
rates across crime types, using a low threshold also appears to correspond to the lowest predictive 
accuracy when measured in terms of PAI and RRI. For example, when KDE parameters are set at 
the average grid cell size and a kernel bandwidth of 50m the PAI for assaults is 61.0; but when it 
is increased to five times the average cell size, the PAI increases to 358.3 (see Figure 11). 
Similarly, when KDE parameters are set at the average grid cell size and a kernel bandwidth of 
50m the PAI for burglary is 28.9.0; but when it is increased to five times the average cell size, the 
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PAI increases to 152.8 (see Figure 14). When the search radius is increased to between 150m to 
200m, however, the influence of threshold size becomes less pronounced for most crimes. 

This document is a research report submitted to the U.S. Department of Justice. This report has not 
been published by the Department. Opinions or points of view expressed are those of the author(s) 

and do not necessarily reflect the official position or policies of the U.S. Department of Justice. 



 

 
45 

 

Figure 11. Predictive accuracy metrics produced from KDE. Analysis based on assaults in Charlotte-
Mecklenburg, using different threshold sizes and search radii. 
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Figure 12. Predictive accuracy metrics produced from KDE. Analysis based on auto burglaries in 
Charlotte-Mecklenburg, using different threshold sizes and search radii. 
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Figure 13. Predictive accuracy metrics produced from KDE. Analysis based on auto thefts in 
Charlotte-Mecklenburg, using different threshold sizes and search radii. 
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Figure 14. Predictive accuracy metrics produced from KDE. Analysis based on burglaries in 
Charlotte-Mecklenburg, using different threshold sizes and search radii. 
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Figure 15. Predictive accuracy metrics produced from KDE. Analysis based on drug offenses in 
Charlotte-Mecklenburg, using different threshold sizes and search radii. 
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Figure 16. Predictive accuracy metrics produced from KDE. Analysis based on homicides in 
Charlotte-Mecklenburg, using different threshold sizes and search radii. 
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Figure 17. Predictive accuracy metrics produced from KDE. Analysis based on robberies in Charlotte-
Mecklenburg, using different threshold sizes and search radii. 
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Finally, results show that the effects of parameter settings on predictive accuracy impact the RRI 
least of all. Specifically, the RRI graphs presented in Figures 11-17 not only show lines for each 
threshold setting that are tightly bunched together, but also show lines that rise gradually. This 
means that neither the effects of kernel bandwidth nor cell size have a pronounced effect on the 
RRI. Combined, these results suggest that parameter settings have a considerable effect on crime 
predictions. 
 
5.3.5. Geocoding quality. Our final analysis examined the influence of geocoding quality on 
predictive hotspot mapping. Given the influence of technique, crime type, study area, and 
parameter setting on predictive accuracy that were already demonstrated, we analyzed the 
influence of geocoding quality while considering the influence of these other factors, 
simultaneously.  
 
We began by investigating the influence of geocoding quality on predictive crime hotspot 
produced by a thematic grid-based technique. Maps were generated for two crime types (i.e., 
assaults and burglary), three study areas (i.e., Arlington, Charlotte, and San Diego (County)), and 
two difference cell sizes (i.e., 100m and 250m). Predictive accuracy was measured in terms of hit 
rate, PAI, and RRI. Results are presented in Table 7 and indicate that in general, the overall 
quality of geocoded data dramatically affects predictive accuracy. As cell size increases, the 
corresponding hit rate increases; however, a comparable proportionate increase in the hotspot 
area is not observed and therefore predictive accuracy as reflected in the PAI is decreased.  
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Conversely, the RRI increases as grid cell size increases. Regardless of study area, crime type, or 
parameter setting, the key finding of these analysis is that the use of street geocoded data does 
not have a consistent, negative effect on predictive accuracy.  
 
Next, we determined the influence of grid cell size versus enumeration area (i.e., aggregating 
data to the block group), and geocoding method for Local Moran’s I on predictive accuracy. As 
with the grid-based thematic mapping technique, data were analyzed for two crime types and 
three study areas; and are presented in Table 8. Results suggest that the influence of geocoding 
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quality is less influential than the size of the unit of analysis (i.e., cell size parameter), study area, 
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or crime type. That is to say, data quality appears to have little to no effect on these results, given 
the similarity between the predictive accuracy metrics associated with address point geocoded 
data and corresponding street geocoded results.  
 
The third set of results examining the influence of geocoding quality on predictive hotspot 
mapping are based on the Getis-Ord Gi* technique. As with the previous analysis, cell size varies 
between 250m and block group enumeration areas. Again, data were analyzed for two crime 
types and three study areas.  
 
Findings are presented in Table 9 and show that the positional error associated with street 
geocoding has a comparable effect across unit size as the effect observed when a Local Moran’s I 
technique was used. That is to say, other factors such as crime type, study area, and parameter 
setting (i.e., cell size) has a much more pronounced effect on predictive accuracy—measured in 
terms of hit rate, PAI, and RRI—than does diminished positional accuracy of geocoded crime 
incident locations that are associated with various street geocoded reference data. 
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The final hotspot technique we examined is classified as a point-pattern technique. Table 10 
provides results from KDE analysis where variations in crime type, study area, parameter setting 
(i.e., search radius) and geocoding method were considered. Results demonstrate the influence 
that these factor have on predictive accuracy, gauged by the hit rate, PAI, and RRI.  
 
Findings from the KDE analysis show that reference data quality has a diminished effect on the 
technique as search radius increases, regardless of study area or crime type considered. For 
example, the hit rate for assaults in San Diego when KDE uses a 100m-search radius and crime 
incidents geocoded to address points is 13% versus 3% for crime incidents geocoded to the local 
street centerline file. However, when the search radius is extended to 500m, the difference in hit 
rates between the two reference data layers is less than 1% (33.1% versus 33.5%). These findings 
challenge the growing consensus that KDE produces the most accurate hotspot predictions. 
Based on our findings, KDE does produce hotspot maps with the highest PAI, but only for 
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analysis that 1) uses a small search radius, 2) that rely data geocoded against an address point 
reference layer, and 3) for certain study areas. If KDE uses a larger search radius with data 
geocoded against lower quality street reference data, for example, then KDE may not be a 
superior predictive mapping 
technique. 
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5.4. Discussion and Conclusions 
 
The second component of our study provides answers to important questions related to the 
predictive accuracy of hotspot mapping. First, results of our analysis reveal that several factors 
affect the reliability of predictive hotspot mapping. For example, findings suggest that hotspot 
technique substantially affects predictive accuracy (see Table 4). In terms of a hit rate, the least 
accurate technique in terms of predicting future crime events was grid-based thematic mapping 
(7%), compared to the most accurate, which was a Local Moran’s I analysis that aggregated 
crime data to block groups (47%). According to an alternative measure of accuracy (i.e., the 
PAI), however, a Gi* approach that aggregated incident locations to block groups was least 
accurate (PAI=14) and STAC analysis was most accurate (PAI=456). Finally, when the size of 
the study area was factored into the metric used to assess predictive accuracy, far less variation 
was observed across technique. Still, grid-based thematic mapping was shown to be the least 
accurate (RRI=.69) and a grid-based Gi* approach was the most accurate.  
 
Results of our analysis also indicate that crime type has a moderate effect on predictive accuracy 
for every technique considered. For example, homicide events consistently have the lowest hit 
rates, regardless of mapping technique used. A hit rate of less than 1% was observed for 
homicides mapped using KDE, less than 2% using grid-based thematic mapping, and less than 
4% using Local Moran’s I (grid-based) (see Table 5). On the other hand, regardless of technique, 
drug offenses was the crime type often associated with the highest hit rates. The crime types 
associated with the highest and lowest hit rates, however, did not also correspond to the highest 
and lowest PAI and RRI. For example, the difference in PAI scores between homicides (PAI=71) 
and robberies (PAI=72) that were mapped using a grid-based thematic mapping technique were 
much more comparable than their corresponding RRI scores (i.e., .07 and .72, respectively). 
Again, these findings suggest that crime type influences the predictive accuracy of hotspot 
mapping. 
 
Third, our findings also indicate that study area has a modest effect on predictive accuracy, and 
that its effect varies by mapping technique and metric used to determine accuracy (see Table 6). 
For example, Las Vegas produced the highest hit rates and RRI scores when grid-based thematic 
mapping (hit rate=44%; RRI=.25), KDE (hit rate=38%; RRI=.19), NNH (hit rate=20%; 
RRI=.05), and STAC (hit rate=5%; RRI=0.004) techniques were used. However, the highest PAI 
scores for these techniques were associated with San Diego County (PAI=191, PAI=329, 
PAI=2,158, and PAI=2,614, respectively).  
 
Fourth, based on our analysis of prediction maps produced using KDE, regardless of crime type, 
results showed that the effects of parameter settings are substantial (see Figures 11-17). 
However, the impact of these effects varies by predictive metric used to assess accuracy. For 
example, neither the effects of kernel bandwidth nor cell size appear to have a pronounced effect 
on the RRI. And while there is a corresponding increase in hit rate to an increase in kernel 
bandwidth, the increase is not proportionate to the increase in the search radius. For example, 
doubling the bandwidth from 50m to 100m or from 100m to 200m does not result in a 
corresponding two-fold increase in hit rate. 
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Finally, the effect of geocoding quality on predictive hotspot mapping appears to be mitigated by 
all of factors considered and described above. For example, analysis of grid-based thematic 
mapping techniques (see Table 7) suggest that the effects of geocoding quality of predictive 
hotspot crime mapping are mitigated by crime type, study area, and cell size. For other types of 
aggregate techniques such as Local Moran’s I and Gi* (see Tables 8 and 9, respectively), the 
effects of geocoding quality on predictive hotspot crime mapping is less apparent and does not 
change considerably when crime type, study area, and cell size are taken into consideration. 
When point-pattern analysis such as KDE was examined, however, the effects of geocoding 
quality on predictive hotspot mapping seemed to be influenced by some factors, but not by others 
(see Table 10). For example, the impact of geocoding quality varied considerably by crime type 
and urban morphology; but became inconsequential as a key parameter setting (i.e., the search 
radius) was increased. Figure 18 illustrates how this dynamic works and shows how variations in 
two key parameter settings used in KDE mapping (i.e., search radius and cell size threshold) will 
influence what is defined as a hotspot, which in turn will affect measures of predictive accuracy.  
 
 

Figure 18. Variations in two key parameter settings used to produce KDE maps. As search radius size 
increases, the effects of geocoding quality on predictive hotspot mapping decreases. However, the loss 
of precision can result. Similarly, a corresponding increase in the cell size threshold can also adversely 
impact prediction results. 
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In summary, results of our analysis suggest that no one predictive hotspot mapping technique is 
superior to any other. This is due, in part, to how factors such as crime type, urban morphology, 
and parameter settings can impact the predictive accuracy of hotspot techniques differently. 
Moreover, the effects of geocoding quality on predictive hotspot crime mapping is also varies by 
technique as well as by many of the other factors considered. Nevertheless, recommendations for 
future research in this area can be offered as well as recommendations for analysts seeking the 
optimal approach to analyzing crime patters. Before these recommendations are offered, 
however, a discussion of the study’s limitations is offered.  
 
5.5. Limitations  
 
Many of the issues that limit the substantive conclusions produced from our analysis of 
geocoding quality (see Section 4.5) also limit conclusions reached with respect to our analysis of 
predictive hotspot mapping. Two specific limitations are noteworthy, however. First, as noted 
previously, the data used in the second component of our study is limited to six geographic areas. 
As a result, patterns observed with respect to the predictive accuracy of various hotspot 
techniques considered may not be applicable to other agencies.  
 
And second, although we considered a number of factors that could influence the predictive 
accuracy of hotspot analysis, which in turn influences the effects of geocoding quality, not every 
factor—or iteration of factors combined—was analyzed. Granted, we examined a number of 
combinations of factors that we felt would not only help us better understand the role of 
geocoding quality on predictive hotspot mapping, but that also reflected decision-making points 
the analysis process (i.e., should crime events be disaggregated, what hotspot method is most 
appropriate, how does the urban morphology affect results, and what are the optimal parameter 
settings for the technique that is being used, etc.). Still, considering every possible combination 
of factors that play a role in the outcome of hotspot analysis simply is not possible; and therefore 
prevents us from pinpointing a single “best technique” for analysts and academics to use when 
conducting crime-pattern analysis.  
 
5.6. Future Research 
 
Although the limitations described in the previous section may restrict our inferences about the 
effects of geocoding quality on predictive hotspot mapping, these problems do not limit the 
importance of current findings, the study’s contribution to our broader understanding of these 
techniques as they apply to the analysis of crime events, or the implications that our findings 
have on future research. We feel that two areas in particular warrant immediate investigation. 
 
First, future research should explore how measures of predictive accuracy can be enhanced. Each 
of the three metrics used in the current study (i.e., hit rate, PAI, and RRI) are relative measures 
and objective thresholds that define what is a “good” predictive hotspot map versus what 
constitutes a “bad” prediction do not exist. For example, a grid-based analysis of burglaries in 
San Diego (County), using a 250m grid-cell size, and relying on data geocoded against Census 
TIGER reference data produced a hit rate of slightly less than 3%. Comparatively, the hit rate for 
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hotspot analysis of burglary events in Arlington consistently produced a hit rate around 82%, 
regardless of reference data used. However, any assessment of a “good” hit rate is merely 
subjective. Furthermore, comparisons across measures of predictive accuracy should be made 
with caution, since factors such as the size of the study area can substantially influence results 
and are not based on the same scale. That is, the hit rate is restricted to a score that ranges 
between 0% and 100%, whereas the PAI and the RRI scores are not.  
 
Second, future research should explore ways to enhance traditional output of hotspot analysis. In 
our view, researchers and analysts would benefit from results of predictive hotspot mapping that 
illustrated how variations in different assumptions associated with any given technique affect 
outcomes. For example, Figure 18 illustrates how changing two key parameter settings used to 
produce KDE maps influence prediction results. Specifically, as search radius size increases, the 
effects of geocoding quality on predictive hotspot mapping decreases. However, the loss of 
precision can result. Similarly, a corresponding increase in the cell size threshold can also 
adversely impact findings. Output such that shown in Figure 18 would go far in helping 
researchers and practitioners make an informed decision about parameter setting associated with 
any prediction technique. Therefore, future research should focus on ways hotspot analysis output 
can be enhanced.  
 
5.7. Recommendations 
 
Collectively, results from the current study suggest that several factors, including hotspot 
technique, crime type, and study area affect predictive hotspot mapping. Results also 
demonstrated that prediction metrics are sensitive to user-defined parameter settings and 
geocoding quality. These findings lead us to conclude that no single hotspot technique is more 
accurate than any other. Instead, they are highly influenced by these factors. Nevertheless, a 
series of recommendations based on our results are presented below and offer guidance for 
analysts and researchers engaging in hotspot analysis. 
 

1. Consider analyzing data with multiple techniques 
 

Findings show that predictive accuracy varies substantially across the six different 
hotspot techniques examined in the current study. Since these approaches vary in their 
assumption and limitations, and rely on one or more user-defined parameters, analysts 
and researchers should consider analyzing their data using multiple methods.  

 
2. Disaggregate crime incidents and analyze like crime events separately 

 
Findings show that crime type has some effect on predictive accuracy of hotspot 
mapping techniques. For example, predictive accuracy is considerably lower for 
homicide than for other crime types, which is likely due to the relatively fewer number 
of homicides than other types of crime. Therefore, it is recommended that hotspot 
analysis disaggregate crime incidents and analyze like crime events separately.  
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3. Take study area into consideration 
 
Current findings show that urban morphology has a modest effect on predictive accuracy. 
Depending on the metric used to measure accuracy and the size of the study area, 
however, this effect can be very pronounced. Therefore, consideration should be given to 
urban morphology prior to conducting hotspot analysis. 
 

4. Be cognizant of user-defined parameter settings 
 

Hotspot analysis techniques examined in the current study vary in their assumption and 
limitations. More importantly, they all rely on one or more user-defined parameters. 
Hotspot techniques are sensitive to the selection of these parameters and some of the 
disagreement over which techniques performs best (e.g., Chainey et al., 2008 versus 
Levine, 2008) may in fact partly be due to differences in parameter selection. Therefore, 
researchers and analysts must be cognizant of user-defined parameter settings and how 
modifications to these settings may affect prediction maps. 

 
5. Use street centerline reference data or address point reference data 

 
The effect of geocoding quality on predictive hotspot mapping is complex and varies 
depending on prediction technique (and parameter settings within them), crime type, and 
urban morphology. Address point and street centerline reference data were frequently 
associated with the best prediction results. Therefore, it is recommended that to limit the 
effects of geocoding quality on predictive hotspot mapping that researchers and analysts 
rely on data that have been geocoded to either address point or street centerline reference 
files. 
 

6. Determine how predicative accuracy will be measured 
  

Finally, we used three measures of predictive accuracy in the current study: 1) hit rate; 2) 
Predictive Accuracy Index (PAI) (Chainey et al., 2008); and 3) Recapture Rate Index 
(RRI) (Levine, 2008). When variations in hotspot technique, crime type, study area, 
parameter settings, and geocoding quality were considered, these metrics often produced 
inconsistent results. Some of these inconsistencies can be explained by how the metrics 
are computed. For example, since the PAI uses the size of the hotspots (i.e., the hotspot 
area) in its calculation, the difference between a PAI score and a RRI score often 
depended on the size of the study area. Therefore, prior to conducting hotspot analysis, a 
determination should be made on how predictive accuracy will be measured. This 
decision should be based, in part, on the size of the study area. 
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7. DISSEMINATION OF INFORMATION 
 
Our dissemination strategy focused primarily on presentations of findings at conferences, 
submitting our findings to scholarly journals for publication, leading relevant workshops, and 
submitting a final report to NIJ and (with permission of NIJ) the distribution of a condensed 
version of the final report to interested parties, including crime mapping listservs and user 
groups. Summaries of each of these efforts are described below in greater detail.  
 
7.1. Conference Presentations 
 

Zandbergen, P.A., Hart, T.C., & Camponovo, M.E. (2012). Predictive crime hotspot 
mapping. Annual meeting of the Association of American Geographers. February 
24-28, 2012. New York City, NY. 

 
Zandbergen, P.A., Hart, T.C., Lenzer, K.E., & Camponovo, M.E. (2011). Error 

propagation models to examine the effects of geocoding quality on spatial 
analysis of individual-level datasets. 1st International Geocoding Conference, 
December 6-7, 2011, Redlands, CA. 

 
Camponovo, M.E., & Zandbergen, P.A. (2011). Robustness of kernel density crime 

hotspot maps. ESRI Southwest User Conference, November 16-18, 2011, Mesa, 
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Hart, T.C., & Zandbergen, P.A. (2011). Effects of geocoding quality on predictive hotspot 

mapping. American Society of Criminology Annual Meeting, November 16-19, 
2011, Washington, DC. 

 
Hart, T.C., & Zandbergen, P.A. (2011). Effects of geocoding quality on predictive hotspot 

mapping. 11th Crime Mapping Research Conference, October 19-21, 2011, 
Miami, FL. 

 
Zandbergen, P.A. (2011). Predictive crime hotspot mapping. ESRI International User 

Conference, July 11-15, 2011, San Diego, CA. 
 
Hart, T.C., & Zandbergen, P.A. (2010). Geocoding crime incident locations: Assessing 

match rates and positional accuracy across techniques. American Society of 
Criminology Annual Meeting, November 17-20, 2010, San Francisco, CA. 

 
Zandbergen, P.A. & Hart, T.C. (2010). Effects of data quality on predictive hotspot 

mapping. National Institute of Justice Conference, June 14-16, 2010, Arlington, 
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7.2. Journal Article Submissions/Publications 
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7.3. Workshops 
 

Hart, T.C., (2012). Geocoding Crime Data. Workshop to be conducted at the 
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